Introduction
Hazardous material (hazmat), as defined by the U.S. Department of Transportation Pipeline and Hazardous Materials Agency, is a substance or material capable of posing an unreasonable risk to health, safety, or property when transported in commerce. There are various types of hazardous material transportation which range from movements of relatively harmless products, like hair spray and perfumes, to massive shipments of gasoline by highway cargo tanks, to transportation of poisonous, explosive, and radioactive materials. Accidents involving transporting hazmat are very rare. However when one does happen, the damages and consequences can be catastrophic in a means of both human casualties and residential environments.
During the year 2011, as shown in Table 1 , there have been 13,908 hazmat incidents which resulted in 145 injuries, 10 deaths and damages of total worth $104,113,342. Note that the procedure of transporting these kinds of materials is divided in four phases: the loading, in transit, in transit storage and unloading. The cost of the damages resulted by incidents during the transit phase had a total cost of $84,687,976 and the injuries during the same phase were 70, among which 12 needed hospitalization. From all 10 deaths that occurred in 2011, 9 of them took place in the process of transit and only one occurred during the other three phases, namely the loading phase.
On average, more than 800 000 shipments occur daily in the U.S. mostly using trucks as mean of transportation (Craft, 2004) especially for relatively short distances. Using trucks for transportation is very popular since they are operationally flexible. In other words, trucks among other transportation modes, have the advantage of pick up and drop off hazmat materials very close from the origin and to the destination, respectively. However, the number of incidents involving the truck transport mode is the highest. In addition, trucks can be easily used for terrorist attacks against people and buildings (Federal Motor Carrier Safety Administration, 2007 , 2008 MurrayTuite, 2007; Huang et al, 2004) . These statistics among with the possible threats emphasize the importance of efficient and effective regulative operation of urban traffic networks involving hazmat transportation.
Hazmat accidents rarely happen (low-probability incidents), but if they do occur, then the consequences can be disastrous (high-consequence incidents), reflecting on both the population and the environment. It is important to make a risk-averse route decision in hazmat transportation. In this book chapter, we will review the existing routing models and risk measures, and will introduce recent advancements with Value-at-Risk (VaR) and Conditional Value-at-Risk (CVaR) models applied in hazmat transportation. VaR and CVaR are shown to be proper risk measures for flexible hazmat route decision making.
VaR and CVaR in Various Applications
Value-at-Risk (VaR) and Conditional Value-at-Risk (CVaR) have been broadly used in finance as a risk measure. VaR has mainly the following five applications: risk management, risk measurement, financial control, financial reporting and computing regulatory capital. It was initially designed to measure the overnight risk in certain highly diversified portfolios. Furthermore, VaR is a risk measure that measures the financial risk of an investment, portfolio, or exposure over some specified period of time. Its easy interpretation as a summary measure of risk and consistent treatment of risk across different financial instruments and business activities is the reason for its popularity. In addition, VaR is also used to approximate the "maximum reasonable loss" a company can expect to realize from its total financial exposures. CVaR is a risk measure that is a computationally tractable and coherent alternative to VaR. The notion of CVaR is closely related to the notions of Expected Tail Loss, Tail Conditional Expectation, Tail VaR, Average VaR, Worst Conditional Expectation, or Expected Shortfall (Rockafellar and Uryasev, 2000; Dowd and Blake, 2006) . Unlike VaR, CVaR provides an optimization framework with convexity. In financial portfolio optimization problems, CVaR optimization can be solved as a linear programming problem with sampling for continuous random variable cases, or as it is without sampling for discrete random variable cases (Rockafellar and Uryasev, 2000; Mansini et al, 2007) .
Besides its wide use in finance and banking, VaR and CVaR have been also used in other areas. They were used as risk measures in agricultural enterprises. L. Pruzzo and Fioretti (2003) introduced the methodology of VaR and CVaR (as expected shortfall) in order to make animal breeding decisions. Their goal was to examine the use of VaR and CVaR as a means to affiliate risk into breeding decisions. Manfredo and Leuthold (1999) used VaR to forecast market risk and cattle feeding margins, and Dah-Nein Tzang (1990) used VaR model to generate minimum risk hedge ratios simultaneously and applied the model to the soybean complex. The concepts of VaR and CVaR were also utilized to generate electricity in deregulated market (Robert Dahlgren and Lawarre, 2003) , product selection and plant dimensioning arena (Sodhi, 2005) . In the former manuscript VaR and CVaR concepts are used to address the problem of risk assessment in a market environment from the power industry prospective. In the later paper the VaR and CVaR models are used to address the problem of minimizing the risk rising from short product lifestyles and high uncertainty concerning the demand in the electronics industry. In addition, the concepts of VaR and CVaR have been recently applied in hazmat transportation (Kang et al, 2013 (Kang et al, , 2011 Kwon, 2011) . However the application of these models is significantly different than the models used in finance. The most notable difference is that the models addressing hazmat transportation, are focused on measuring the risk resulted by following a specified route in the network. Therefore, the investment (which in this case is the route) and the loss measured (that is the accident consequence) are totally different, and of course they cannot be compared. Note that in finance the measurement units of both the investment and the loss are same as, say dollars. Another difference between the two models is that in hazmat transportation the risk of each road segment in a path is non-additive to each other, while losses of portfolios in financial models are additive. Furthermore even though the problem of minimizing CVaR is convex for financial optimization problems (Rockafellar and Uryasev, 2000) that is not the case for the minimization of CVaR in hazmat transportation. In the next sections, we propose an efficient exact algorithm for solving the problem of CVaR minimization in the concept of hazardous materials routing. Given the above differences, the models of VaR and CVaR in hazmat transportation require applicationspecific analysis and computational methods.
Risk Measures in Hazardous Materials Transportation
In this section, we summarize the existing approaches for hazmat routing and compare them with the proposed VaR and CVaR approaches. In hazmat transportation there are two main research areas: risk assessment (e.g. Abkowitz et al, 1984; Patel and Horowitz, 1994) and hazmat shipments planning (e.g. List et al, 1991; Erkut et al, 2007) . The latter field, which is studied in this chapter, involves the determination of the "best" possible route to transport the shipment from the origin to the destination (Nozick et al, 1997; Helander and Melachrinoudis, 1997; Nembhard and White, 1997) . In hazmat transportation there are two groups of decision makers, namely the network regulators and the hazmat carriers; each one focusing on separate problems. The first problem that is studied mainly by the hazmat carriers is the local route planning problem that contemplates each shipment independently. That is, the determination of the safest path, between alternative paths, for a single shipment from its origin to the desirable destination. The second problem that is mostly of interest to the network regulators, i.e. government authorities and environmentalists is the global route planning. The goal is to plan multiple shipments when many origin and destination pairs exist in the understudy network, in order to moderate end regularize the risk to the whole network.
We consider a directed and weighted network G = (N , A). For each arc (i, j) ∈ A, there are two attributes: accident probability denoted by p ij and accident consequence denoted c ij . Accident consequences c ij can be computed by a risk assessment method, like the λ-neighborhood concept proposed by Batta and Chiu (1988) , and accident probabilities p ij are collected from certain data sources. The mathematical notation that is used in this chapter is summarized in Table 2 . Suppose a path l consists of an ordered set of arcs A l = {(i k , j k ) ∈ A : k = 1, 2, . . . , |l|} where (i k , j k ) is the k-th arc in the path. To compute the risk generated by this path, a variety of models (Table 3) that use different risk measures can be utilized.
The Traditional Risk model (TR) computes the expected value of the consequence along path l (Sherali et al, 1997) :
and manipulate it as a risk measure. In this model the shipment is terminated the moment an Notation Description
Set of arcs, |A| = m p ij Accident probability on arc (i, j) c ij Accident consequence on arc (i, j) P Set of all available paths for given O-D pair C Set of ascending-order sorted arc consequences in G A l Arc set for path l, and |A l | = |l| is the number of arcs in l C l Set of ascending-order sorted arc consequences for path l R l Discrete random variable for the risk along path l ∈ P Table 2 : Mathematical Notation accident occurs on an arc (i, j). Using this objective, the choice of the best route can be formulated as a nonlinear binary integer program. However, the function (1) can be approximated as an additive function that leads to a tractable shortest-path problem formulation (Erkut and Verter, 1998) . According to the North American data on hazmat transportation accident statistics, the probabilities of an accident to take place are extremely small, usually in the range of 10 −8 and 10 −6 per mile traveled (Abkowitz and Cheng, 1988 ).Therefore we can use the approximation
for all k. It follows that, the function (1) can be approximated by the following function (Jin and Batta, 1997) :
which is much simpler to optimize, since the resultant problem is a shortest-path problem with the cost of traversing an arc (i, j) being equal to p ij c ij . Both the Population Exposure (PE) model (ReVelle et al, 1991) and the Incident Probability (IP) model (Saccomanno and Chan, 1985) can be viewed as two extreme variations of the Traditional Risk (TR) model. The former focuses on reducing the accident probability, and the latter focuses on the total consequence on the impacted region. Another similar model is the Perceived Risk (PR) model (Abkowitz et al, 1992) , which uses a perception factor q for consequence to provide a riskaverse decision (Abkowitz et al, 1992) . However, the value of q is hard to understand and difficult to quantify. The Conditional Risk (CR) model (Sivakumar et al, 1993) evaluates the expected consequence assuming the first accident surely happens.
A big disadvantage of the Traditional Risk (TR) model is its risk-neutral attitude. In other words, TR model fails to capture the public posture against hazmat transportation. Motivated by this, the Perceived Risk (PR) model has taken under consideration this defect and includes a weight parameter on consequences to reflect the public reaction on the risk. Erkut and Ingolfsson (2000) analyses three additional catastrophe-avoidance modeling methods. The first model is the Maximum Risk (MM) model. This approach is to minimize the maximum consequence of the path in order to avoid significant damages and casualties. The MM model measures how far the tail of the consequence distribution extends. The second model, the Mean-Variance (MV) model, is popularly used to appraise the trade-offs between return and risk of an investment portfolio. The
Model Risk Measure
Objective TR Expected Risk min (Erkut and Ingolfsson, 2005) third model brings into play utility theory on hazmat transportation to formulate the risk problem, and develops a Disutility (DU) model in the form of U (c) = exp(λc) where λ > 0. The DU model is risk-averse in the sense that the (i + 1)-st life lost costs more than the i-th life lost. These models depend on existing statistics for one or two risk parameters, and often result in a unique optimal route, regardless the risk preference of the decision maker. In PR, MV, and DU models, the decision maker may change a parameter (q or k) to reflect own risk preference; however, it is unclear how to decide such parameters in those models. VaR and CVaR models are motivated by such a weakness of the previous models and provide a solution to it. They produce a more flexible and reliable route modeling approach for hazmat transportation. Depending on the decision makers' attitude to risk, one can make multiple planning decisions according to each individual risk preferences. Instead of a single optimal route output, these models have a two dimensional framework which produces alternative route choices given different confidence levels. In addition, while most existing hazmat routing methods study the entire risk distribution (e.g. expected value as in TR model), CVaR obviously focuses more on the long tail to avoid extreme events. In financial investment problems, studying only the long tail may not result in an optimal solution in some cases, because high risk can mean high return. However, in hazmat transportation, high-risk (catastrophic hazmat accidents) should not be traded with high-return. In conclusion, being risk-averse by focusing on the long tail is more reasonable for hazmat transportation.
Value-at-Risk Minimization Model in Transportation
At this point, we will present the VaR risk model for hazardous material transportation and analyze its properties. Suppose we have a network G(N , A), with a single origin-destination (O-D) pair for the transportation of the hazmat shipment. Let P denote the set of alternative routes l, which can be used for the shipment. Given a confidence level α ∈ (0, 1), and a path l ∈ P VaR is defined as follows:
VaR
In other words, VaR is defined to be the minimal level β such that the value of the risk measure R l exceeding that level β has probability less than or equal to 1 − α. Hence, our objective, given the set of alternative paths P, is to determine the path l ∈ P which has the minimum VaR. That is,
Each path l consists of a set of arcs A l in ascending order. In addition, let C l (k) denote the k-th smallest value in the set {c ij : (i, j) ∈ A l } and p l (k) be the corresponding arc accident probability. Then the risk measure R l takes the following values:
with probability p l
. . . . . .
where m l = |A l | (the cardinality of A l ).
Given R l as above the cumulative distribution function (CDF) of R l is:
. . .
. Then using the above CDF and the fact that
To illustrate the distribution of the risk, we provide a simple example in Section 6. Based on (5) we obtain a set of probability segments (0,
where
if and only ifm
Hence, using the definition of π l (k) we obtain
Consequently we conclude that β l is VaR for path l as in (3) if and only if the following conditions are met:
Hence, the VaR minimization problem (4) is equivalent to the following problem
subject to
Clearly, the optimal VaR value β * α , which is the optimal objective function value of the problem (11), is one of c ij values. One strategy to solve the problem (11) is to examine all c ij values in ascending order starting from the smallest value until the two conditions (12) and (13) are met. The two summations of p ij in (12) and (13) clearly decrease with β l α . Therefore the second condition (13) will be easily satisfied for smaller β l α values, while the second condition (12) will not. To satisfy the first condition (12), we have to find a path l with the smallest (i,j)∈A l ,c ij >C l (k) p ij for the given β l α . As we examine c ij , if we reach the point where both conditions are met for the first time, the corresponding c ij is the optimal solution β * α . We elaborate this idea mathematically. Consider the set C = {0, C (1) , . . . , C (m) : C (1) < C (2) < · · · < C (m) } which consists of the all arc consequences values sorted in ascending order. Then we know that β * α ∈ C. We reformulate the VaR minimization problem as a bi-level formulation. First, we modify the arc probabilities for a given β α ∈ C as follows:
for all (i, j) ∈ A. This modification ofp ij certifies that arcs with consequences smaller than β α are considered in the route choice with greater importance than arcs with consequences greater than β α . We let the binary variable x ij be equal to 1 if arc (i, j) belongs to the route used for the hazmat shipment and 0 otherwise. Then for a given confidence level α, we have the following bilevel problem equivalent to the VaR model: min
The outer problem is solved when X (ᾱ, f )β α will become zero, i.e., f ≤ 1 − α, and therefore the first condition (12) is met with the smallest such β α . We note that the inner problem can be easily solved as it is an instance of shortest-path problems.
The proposed algorithm is as follows:
•
Step 1: Sort all the arc consequences in ascending order, C = {0, C (1) , ..., C (m) }, and set n ← 0.
• Step 2: Let β n α = C (n) and updatep ij values. Then solve the following problem:
in order to obtain the path l n and the objective function value f n , using an efficient shortest path algorithm like Dijkstra's Algorithm.
Step 3: If f n ≤ᾱ or n =m, stop; the current path l n is the optimal VaR path for confidence level α.
Step 4: If f n >ᾱ and n <m, then set n ← n + 1 and go to Step 2. Now, we provide the properties of the VaR model for the extreme values of the confidence level α. Proofs are found in Kang et al (2013) .
Theorem 1 shows that in the case where α is very small, then the value of VaR, for all the paths, is zero. For this reason, the decision maker can make his decisions based on other criteria like shortest distance or minimum cost.
, where l * MM is the optimal route determined by the MM model.
In other words, Theorem 2 tells that for a sufficiently large value of the confidence level α close to 1, the optimal route determined by the VaR model is the same as the one determined by the Maximum Risk model. This result reveals the extreme risk-averse attitude of the MM model.
Theorem 3. For any interval (α k P , α k P +1 ] ⊃ (0, 1), the optimal route proposed by the VaR model remains the same for all the values of the confidence level in this interval.
Theorem 3 declares that no matter the changes in the confidence level there are always ranges of confidence intervals in which there is a unique optimal solution. In addition, from (5) we know that every candidate path in P is possible to have different risk value when the confidence level belongs into different confidence intervals marked
Thus, for different confidence intervals, it is possible a different path to exist which minimizes the risk. Therefore, in a realistic network (a large network, with many available alternative paths) it is likely that a shipment would have different optimal solutions whenever the confidence level α changes.
In general, there are different optimal paths under various confidence levels α ∈ (0, 1). We can therefore generate a set of optimal VaR paths for confidence levels of interests, and use the set as a basis for route choices. We will illustrate how we generate such a set in 6 and 7.
Conditional Value-at-Risk Minimization Model in Transportation
Despite its wide usage, VaR has been criticized as a risk measure due to the fact that it is not a coherent risk measure (Artzner et al, 1999; Dowd and Blake, 2006) and it might lead to inaccurate perception of risk (Nocera, 2009; Einhorn, 2008) . It is claimed that VaR cuts off and ignores what is happening in the tail of the distribution as shown in Figure 1 . A similar argument is also valid under the scope of hazmat transportation. Due to the fact that accident probabilities are very small in each road segment with high consequences at the same time, using VaR as a risk measure may result the cut off of that particular road segment. Both VaR and CVaR are quantile-based risk measures (Dowd and Blake, 2006) . Their main difference is the fact that CVaR accounts for the distribution in the long tail whereas VaR does not. CVaR is also a coherent risk measure in the sense of Artzner et al (1999) for general loss distributions, including discrete distributions (Pflug, 2000; Rockafellar and Uryasev, 2002) . These additional properties possessed by CVaR gives a motivation for the development of the CVaR risk model presented below.
We assume a directed and weighted graph G(N , A) and a single origin-destination pair. Also suppose that some estimates of hazmat accident probabilities and accident consequences, denoted by p ij and c ij , respectively, are available for each road segment (i, j). Our objective, given a confidence level α, is to choose a path l that minimizes CVaR as follows:
where P is the set of all paths in the network. From the definition of the CVaR, for a path l ∈ P at the confidence level α we have
which is in the form of the expected shortfall (Acerbi, 2002) . Since VaR l β and its integration are not available in an analytical form, CVaR in the form (21) is not used in an optimization format problem.
An alternative definition of CVaR for a path l ∈ P at the confidence level α is (Rockafellar and Uryasev, 2002; Sarykalin et al, 2008) :
, is incoherent (Acerbi, 2002 (Acerbi, , 2004 , the entire CVaR l α in (22) is a coherent risk measure (Rockafellar and Uryasev, 2002; Pflug, 2000) . Note that the second component in the hazmat context can be approximated as follows:
The measure CVaR l α given in the form (22) with an approximation (23) is hard to be considered as an objective function for the CVaR minimization problem due to the conditioning. Rockafellar and Uryasev (2000) have shown that CVaR can be computed by minimizing the following function with respect to γ.
where A l is the set of arcs in the path l and the notation [x] + = max(x, 0). We observe that a minimum of (25) always occur for γ ≥ 0. We can show this by comparing the two cases of γ = 0 and γ = −m where m > 0:
for all m > 0 and α ∈ (0, 1). Therefore, we can write the CVaR minimization problem in the following form:
where Ω is defined in (18). We can find an optimal solution of the CVaR minimization problem (26) by decomposing R + into the following intervals :
where C (k) is the k-th smallest value in the set {c ij : (i, j) ∈ A}. Then defining C (0) = 0, we obtain:
CVaR k α , where problem:
For each k, we are minimizing a linear function of γ in (27), over the interval [
Because of that, we know that the optimal γ value will be obtained either at γ = C (k) or at γ = C (k+1) . Therefore, we can obtain an optimal solution γ * by examining only the values in the set {0, C (1) , C (2) , . . . , C (m) }. That is:
This analysis leads to the following algorithm for solving (28):
• Step 1: For k = 0, 1, . . . ,m solve the following nominal problems:
Step 2: Let k * = arg min k=0,1,...,m CVaR k α .
Step 3: Then we obtain a solution: CVaR * α = CVaR k * α and x * = x k * .
Next we provide some important properties of the CVaR model, similar to the ones given earlier for the VaR model. Proofs are found in Toumazis and Kwon (2012) . Theorem 5. There exists a scalar α MM max , such that l * CVaR = l * MM , ∀α ∈ (α MM max , 1), where l * CVaR and l * MM are the optimal paths determined by the CVaR model and the Maximum Risk models respectively.
These two theorems basically say that for sufficiently small α, the CVaR minimization is equivalent to the TR model, and for sufficiently large α, the CVaR minimization model is equivalent to the MM model. The property of the CVaR model for a small α value is an important improvement from the VaR model. In Section 7 we will observe that the optimal VaR values for all available paths are zero until the confidence level is as big as 0.999977 in a realistic hazmat network. In fact, the confidence level α = 0.999977 may be regarded safe enough in many other situations, it is easy to misuse the VaR model, and in such cases the VaR model will only give any arbitrary path chosen by the shortest-path problem solver. However, even for the same α value, the CVaR minimization model gives the optimal TR path; therefore it is at least a risk-neutral path.
An Illustrative Numerical Example
In this section, we demonstrate the computations of VaR and CVaR on a small example network shown in Figure 2 . For this network we defined node 1 as the origin and node 15 as the destination. The example network consists of 15 nodes and 33 links. Accident probabilities and accident consequences are randomly generated and are shown in Table 4 .
We compare the optimal routes given by the VaR model with the optimal routes by the CVaR model. The optimal paths for various confidence levels by the VaR and CVaR models are given in Tables 5 and 6 , respectively. Please note that we did not provide CVaR values in Table 6 , while we provided VaR values in Table 5 . It is because that the value of the CVaR measure constantly changes within any interval of α.However, one can see the optimal CVaR-values from figure 3.
To understand VaR measure better, we give a closer look on how the risk is distributed in a path at a specific confidence level, for example, α = 0.99930. At this confidence level the optimal path proposed by the VaR model is:
Given this path, one can find the accident probabilities and consequences of the arcs that are included in the path. Namely, the path consists of the arcs (1, 2), (2, 4), (4, 9), (9, 11), (11, 14), The risk from traversing the path has the following distribution:
with probability 0.9896 920 with probability 0.0009 1615 with probability 0.0059 3210 with probability 0.0004 4142 with probability 0.0028 4540 with probability 0.0001 7800 with probability 0.0002 9220 with probability 0.0001
Given R as above, we then have the following cumulative distribution function (CDF) of R: The value of VaR for this path can be computed as follows:
Therefore, from (30), we can find the value of the minimum β such that P (R > β) ≤ 0.0007. We can write
Hence we obtain VaR = 3210. Note that for α > 0.9998, the value of VaR from traversing the above path should be 7800, which is the maximum accident consequence (i.e. max c ij ) in the path. However, for confidence levels greater than 0.9998, say 0.9999, we can see that by following a different route, namely 1 → 4 → 3 → 7 → 11 → 15, the value of VaR = 7670. Therefore, since the VaR value for the latter path is smaller than the value of the risk measure resulting by the former path, the algorithm alters the proposed path to the one with the minimum VaR value.
Extending this idea, we can conclude the following: Since the smallest accident probability in the data set we used, is 0.0001 (see Table 4 ) for confidence levels greater than 0.9999 it is guaranteed that the value of VaR for the proposed route would be equal to the maximum accident consequences in the set of arcs forming that proposed optimal path. In other words, at confidence levels beyond that value, the VaR model is equivalent to the Maximum Risk (MM) model; see Theorem 2.
Similarly, one can make the same arguments for the CVaR model following the same exact procedure as demonstrated above for the VaR model.
For the remainder of this section, we would like to emphasize a number of interesting observations by studying Tables 5 and 6 . First, we observe what the two models have in common:
• In both models, each optimal route maintains its optimality within a specific interval of confidence level values.
• It is clear that the proposed models generate various optimal routes.
• For confidence level values very close to 1, both models propose the same path as the Maximum Risk path.
Now, we list what differences the two models have :
• The optimal paths proposed by the VaR and CVaR models are not necessarily the same for each confidence level. There are cases that the optimal routes given by the two models are the same for the same α−value, but this is not always the case.
• The optimal value of the risk measures for the same confidence level is not always the same for the two models. Specifically, as stated earlier, when VaR is the risk measure, then its optimal value remains constant for an interval of confidence levels. On the other hand, CVaR continuously alters its value depending on the value of the confidence level.
• The number of alternative optimal paths given by the VaR model is greater than the one from the CVaR model. This is because the VaR model covers from risk-indifferent to risk-averse paths, while CVaR model only covers from risk-neutral to risk-averse paths.
All the above observations are detailed discussed in the following section, which describes a case study we conducted on the Albany road network. In this way, the reader may better understand the importance of the above findings when they are applied on existing networks.
Case Study
In order to develop our model and obtain numerical results, we utilized the Albany, New York, USA transportation network. The Albany network used in this chapter consists of 90 nodes and 148 arcs and is demonstrated in Figure 4 .
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Next we present our findings from the development of the proposed VaR model. In Table 7 we provide, for various confidence levels, the corresponding optimal paths and the value of the VaR, as a risk measure resulted from traversing the proposed route.
From the resulting VaR optimal routes, we highlight our findings. First, we can see that for confidence levels in the interval [0, 0.999977] the VaR model is not effective since the route that recommends is risk-indifferent. That is, the VaR measure has zero value for all paths. Therefore the optimal path presented in the table may not be safe at all. In fact, it is simply an arbitrary path chosen by the algorithm among all available paths. In this case the decision maker should determine the shipment route based on other criteria. This result also testifies the validity of Theorem 1.
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The optimal paths recommended by the CVaR model are shown in Table 8 . As one can easily see, the optimal routes resulted by the CVaR model for confidence levels in the interval [0, 0.999991] are the same for the same reason as discussed earlier for the VaR model. Specifically for these range of values of the confidence level, the resulting optimal routes are the same as the one resulted by the Traditional Risk model as shown in Table 9 . These observations numerically confirms Theorem 4.
We emphasize here the advantage CVaR has towards VaR, based on how the two risk measures exploit the long tail of the distribution. Even for relatively smaller confidence levels values, CVaR model propose as optimal path the same route as VaR propose for confidence levels greater than 0.999978. CVaR alters its proposed route less times than the VaR, not because of some defect, but 1, 70,45,13,81,72,73,69,66,67,68,41,29,30,12 0.058961 because of a better starting point given to the model by the better account of the distribution's long tail. Obviously, CVaR and VaR optimal routes for the same confidence level are not always the same. For example, for α = 0.999980 we can see that the optimal routes provided by the two models differ from each other. Of course, the proposed optimal path for confidence levels very close to 1 is same in both models with the optimal VaR and CVaR values being equal. Figure 5 shows how the optimal values of the two risk measures increases as the value of confidence level is approaching 1. The remainder of this section focuses on the comparison of the two models under specific confidence levels. We proceed to compare two cases. First let us take a small confidence level α = 0.999977. This value of α is considered to be small since we compare it with the average hazmat accident probability level which, as mentioned before, is 10 −6 . Figure 6 shows graphically the optimal paths for each model. Comparing the optimal routes, we see that the VaR model proposes an optimal path that starts along I-90 but immediately continues on NY State Route 30 heading north, and then follows NY State Route 5 all the way through Albany City where it reaches U.S. Route 20. Then it continues on U.S. Route 20 until it crosses I-90 on which is finished. We note here that the route given by the VaR model passes directly through the high population density areas of Albany City, Schenectady and Scotia.
In contrast, the route proposed by the CVaR model seems to be more reasonable with less cutoff risks compared to the one proposed by the VaR model. Note that this route is the same as the one given by the Traditional Risk model. It starts along I-90 and immediately detours and continuous along NY State Route 30 as well only this time heading south until it reaches NY State Route 443 on which it continues. Then it follows NY State Route 396 and then it detours on I-87 for a short period. Finally it finishes on I-90 crossing the NY State Thruway Berkshire Connector. With a more detailed study of the proposed route, we can see that CVaR's optimal route also passes through the populated area of Esperance. However a possible hazmat accident at that area will not have the same consequences as one in the center of Albany City from which the optimal path proposed by the VaR model passes through. At the same time, it avoids I-90 until the end, at which point there is no other choice but to take I-90 in order to reach the destination. Hence, we can conclude that the CVaR model provides a more risk-averse framework compared to the VaR model. In other words, CVaR model handles the risk in the long tail in a better way.
Similarly we provide the resulting optimal paths for α = 0.999999 in Figure 7 . We observe that for confidence level values greater than 0.999981 both models suggest the same path for respectively same confidence levels (it is obvious from the comparison of Tables 7 and 8 ). This is something that we expected, since the value of 1 − α is getting closest to zero (as the α value increases) and therefore the two models captures the same information from the tail of the distribution (as shown in Figure 1 ).
Also note, that for confidence level approximately equal to 100% both VaR and CVaR proposes the same route. In addition the values of their risk measures are almost equal as shown in Tables  7 and 8 . 
